Over the last twenty years the mutual fund industry has grown at an incredible rate, and this has naturally attracted a lot of attention from the academic and financial community. Because most of these funds are actively managed two questions have arisen: First, does the average mutual fund produce superior returns? Second, can funds with superior future returns be identified ex-ante? For the most part the answer to the first question seems to be no, at least after expenses are taken into account (see, for example Lehmann and Modest (1987) , Carhart (1997) , Daniel, Grinblatt, Titman, and Wermers (1997) , Wermers (2000) , and Pástor and Stambaugh (2002a) ). The answer to the second question is not as clear, with different studies coming to different conclusions. Hendricks, Patel, and Zechhauser (1993) , and Brown and Goetzmann (1995) conclude that finding funds with future expected excess returns is a difficult but perhaps not impossible task. More recently Teo and Woo (2001) find that allowing for the trading restrictions imposed by a fund's advertised investment style helps predict out of sample returns.
1 In contrast, Carhart (1997) argues that whatever selection ability can be found is due to portfolio momentum rather than managerial ability.
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What most studies have in common is the maintained hypothesis that past factor loadings reasonably forecast future factor loadings.
3 While this assumption may or may not be true at an individual security level, it seems rather unlikely to hold for managed portfolios. Investors presumably employ portfolio managers to move assets into and out of various sectors and securities as part of a dynamic strategy. 4 Absent some mathematical coincidence, the simple act of shifting funds across securities will lead to time varying portfolio loadings on any benchmark. As noted by Admati and Ross (1985) , and Dybvig and Ross (1985) a model with static coefficients may then lead to the erroneous conclusion that a manager with market timing abilities produces negative abnormal returns. In response, Grinblatt and Titman (1989a) (hereafter GT) propose a technique that can detect market timing abilities under such circumstances, and implement it in their 1994 paper. However, as Ferson and Schadt (1996) point out correlations between factor loadings and market returns may also be due to predictable changes in time varying expected returns, and thus implement a technique for handling this case.
1 One might think that professional rating agencies might be able to select funds with superior performance. But Blake and Morey (2000) do not find any evidence MorningStar ratings help in this regard. Another approach has been to look at overseas data. Dahlquist, Engström, and Söderlind (2000) find they can, to a limited degree, identify Swedish mutual funds with future superior performance. Chevalier and Ellison (1999) examine whether or not measures related to the fund manager such as SAT scores can help predict superior stock picking ability. While they find the answer to that question is yes, the evidence that fund investors capture any of it is considerably weaker.
2 Historically, stock returns with super normal returns in the previous six months, tend to outperform in the following six months. Thus, to the degree that managers simply hold onto a winning portfolio from one year to the next they will appear to outperform their benchmark.
3 One exception is Grinblatt and Titman (1993) . The methodology they use avoids a direct comparison against a specific portfolio, and instead uses an "endogenous" benchmark. However, their technique requires knowledge of the fund's actual composition, which may not always be available. Ferson and Khang (2002) extend the technique to condition the portfolio betas on exogenous variables such as macro economic data.
4 See Breen, Glosten, and Jagannathan (1989) for an empirical estimate of the potential value of such actions, and Mamaysky and Spiegel (2002) for a theoretical treatment.
This paper extends the mutual fund performance literature along the lines of Ferson and Schadt (1996) , hereafter FS. In order to estimate time variation in a portfolio's risk loadings, FS project the latter onto a set of observable macro variables. For example, suppose credit spreads can be used to forecast future expected stock returns and a portfolio manager uses this information to allocate assets. The FS technique is designed to estimate the manager's implicit strategy with respect to credit spreads and then allow for the resulting correlations when judging performance.
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However, in contrast to FS, the goal here is to allow for portfolio shifts due to factors unobservable by the econometrician. This is accomplished by assuming that assets are reallocated on the basis of some unobserved factor, and then estimating the system of equations via a Kalman filter. Of course, one can also include the macro economic factors FS use, thereby allowing for both observable and unobservable factors in the specification. Relative to the typical OLS model, this may allow researchers to estimate a portfolio's alpha and betas with less misspecification bias, and thus produce models with better in and out of sample properties.
Using the CRSP mutual fund database, cross referenced to Morningstar's mutual fund classifications, this paper estimates a dynamic model with time varying parameters for a large subset of all U.S. mutual funds. Using the resulting alpha and beta time series, the paper shows that the Kalman filtering approach produces considerably better estimates of their instantaneous values than do standard OLS models. It appears that depending upon the mutual fund category (and thus implicitly the strategy followed) static OLS alphas can be off anywhere from 5 to 87 percent from a fund's time averaged alpha.
6 These results imply that previous performance estimates may be very sensitive to the security classes a fund trades in. In addition, they show the potential value of explicitly allowing for managerial portfolio reallocation not only on publicly observed variables as in FS, but also on unobserved factors.
As with the FS model the current model does a better job of fitting the data in sample, and appears to pick up a number of statistical patterns relative to an OLS model with constant coefficients.
7 In fact, the decompositions of the alpha and betas described above follow along the same lines in both papers. However, note that the in sample tests presented here offer the OLS model a better chance than would a direct comparison with FS. By its very nature the FS model employs data that the OLS model does not. Here comparisons between the Kalman filter estimates and those of the OLS model use exactly the same predictive data. Even so, the Kalman filter does a better job of picking up the statistical patterns in the data. More importantly, out of sample tests show the empirical model presented here 5 Several recent papers have adopted this technique for performance evaluation. For example, Christopherson, Ferson, and Glassman (1998) , and Blake, Lehmann, and Timmermann (2002) . 6 In contrast, static OLS beta estimates are much more reliable, in that they are never estimated to be off by more than 8% from their time averaged values. However, the dynamic estimates indicate that at any one point in time the OLS betas can lie far from their current values. As with the alphas there is considerable variation across fund types.
7 This empirical result holds whether one estimates the OLS model on the entire data set or that contained within a rolling window.
does a much better job of predicting future alphas and betas than the standard OLS model with constant factor loadings. Again, this is true even though both use the same data for making their predictions.
The empirical analysis presented here also has a number of normative implications. Past research has traditionally found little evidence of persistence in mutual fund performance. That is, funds with high alphas today have only a weak tendency to have high alphas in future time periods (see Carhart (1997) for example).
8 From a practical point of view, this is discouraging because it offers little hope of finding those mutual funds that tend to be the consistent winners, on a risk-adjusted basis. 9 One potential explanation for this state of affairs is that the traditional approaches for alpha estimation (i.e. OLS regressions) are fraught with statistical problems when applied to portfolio returns. Since the methodology presented here serves to alleviate some of these estimation problems, it stands to reason that it should be able to better identify those funds whose true instantaneous alphas are positive. To test the above proposition, the paper conducts the following experiment. First, select a random subset of the available mutual funds. Second, estimate alphas for these funds via both the standard OLS approach, and the methodology developed here. Third, form out of sample portfolios that go long the five funds that each methodology identifies as having the largest alphas. Fourth, and finally, hedge out the market exposure of each portfolio by using the historical beta estimates from both estimation strategies. By repeating the random selection process many times, bootstrapped return distributions of positive alpha, and zero beta portfolios are constructed on the basis of each empirical methodology. The resulting data shows that the return distribution from the dynamic model both first order stochastically dominates the OLS return distribution, and lies above the risk free rate over 52% of the time. (The OLS selections only outperform the risk free asset 42% of the time.) These relative performance results also hold true when the sample years with negative excess market returns (1994, and 2000) are examined. Altogether, the evidence strongly points to the conclusion that relative to the traditional OLS approach the dynamic model developed here does a better job of estimating portfolio return parameters.
Given the current popularity of the Carhart (1997) four factor model, the out of sample tests also include it as a benchmark. In this case the bootstrap begins by estimating both a four factor Kalman filter and OLS model. Next, using the estimated in sample parameters all four factors are hedged out of any selected mutual fund to produce multi-factor zero beta portfolios. As with the one factor model, the Kalman filter better predicts out of sample returns. However, in the four factor case the results are considerably closer. In general, the Kalman filter selects funds with returns of about 114 basis points per year in excess of those 8 Interestingly, this result does not hold in the other direction: Poorly performing mutual funds in this time period tend to be the poorly performing mutual funds in subsequent time periods.
9 One solution taken by the literature has been to seek funds whose stock picks perform well prior to expenses. A positive finding would, at least, show that managers can earn back their fees. See Wermers (2000) , and Grinblatt and Titman (1989) . A similar approach is taken by Chen, Jegadeesh, and Wermers (2000) who examine the performance of securities recently transacted by a fund.
selected by the four factor OLS model. Importantly, the out of sample return differences remain nearly unchanged when regressed against the four factor returns. Once again, this casts doubt on the possibility that the Kalman filter returns (relative to the OLS returns) arise from the type of return persistence associated with factor loading estimation errors. The Kalman fund of fund portfolios also appear to be somewhat less volatile than those selected by the OLS model, as can be seen from the resulting Sharpe ratios. One possible explanation is that the Kalman filter may be less reliant on finding funds that focus on one particular strategy.
The final test in the paper looks at the degree to which conditioning information, as in FS, adds to the model's ability to fit the data within sample. Overall, the conditioning information does not improve the model's fit (as measured by the R 2 statistic). But this is not true of every fund. The number of funds with significant parameter values somewhat exceeds that which would be produced by chance. From an economic point of view, these findings indicate that while some funds condition on the type of macro information tested here, many do not. For those that do not, the Kalman filter picks up the time variation in their betas and alphas via estimates of the unobserved factor's value. The tests in this paper suggest that perhaps 12% of all mutual funds exhibit investment strategies with some dependence on the lagged treasury bill rate, and on the market dividend yield. Of course, the other funds may be conditioning on macro information not included in this paper's tests, a possibility which offers intriguing avenues for future research. The remainder of the paper proceeds as follows. Section 1 derives our empirical specification for the dynamic alpha-beta model for portfolio returns. Section 2 derives the alphas and betas of an OLS regression for a dynamic coefficient, linear model. Section 3 describes the data used to estimate the model. Section 4 examines the model's performance across a number of simulated portfolio strategies. Section 5 discusses the model's ability to remove intertemporal patterns from the estimated residuals across fund categories. Section 6 presents our decomposition of OLS alphas and betas for a large cross-section of mutual funds. Section 7 reports the results of our bootstraps for out of sample performance. Section 8 explores the impact of adding macro economic factors like those used in FS to the model. Section 9 concludes. All proofs are in the Appendix.
Statistical Model
Portfolio returns and the returns of those securities which constitute them may behave in quite different ways. Therefore a model which appropriately describes the returns of individual securities may poorly describe a portfolio holding those same securities.
Consider, an economy in which the return on asset i is generated by a linear factor model with constant factor loadings, or
Here β i is an n by 1 vector of factor loadings, r m the corresponding per period factor returns, r the risk free rate, and a random shock. Throughout the paper it is assumed that the errors are normally distributed and independent over time. Note that while returns change over time, their loadings on the economy wide risk factor returns (here, the r's) remain constant.
10 If the r m 's are known, estimates of a security's loadings on the economy's risk factors can be obtained by regressing security returns on factor returns. If one additionally imposes some type of equilibrium or no-arbitrage condition on the economy in question, then knowledge of a security's β's, and of the values of the risk premium in the economy, completely determines that security's expected excess returns. However, consider a portfolio which holds securities A and B, each of whose returns are given by (1). At any time t the portfolio's return (r P ) equals
where the f terms equal the fraction of the portfolio invested in each asset. Using this, and equation (1), it is straightforward to see that portfolio returns are also linear in the factor returns r i (t)'s. However, unless the returns on A and B at time t happen to be the same, then the portfolio weights for securities A and B will be different at time t+1 than they were at time t. Thus, while time t + 1 portfolio returns remain linear in the r i (t + 1)'s, the weights attached to each factor's return will have changed from the time t weights. Clearly, even in this simple example, security returns and portfolios returns may not be well described by the same model (in particular, a linear factor model with constant coefficients). Now suppose one wishes to estimate the alphas and betas of the above portfolio, rather than the alphas and betas of its constituent securities. In this case, an OLS estimate of the portfolio's loadings on the r i 's can produce answers that are quite far from the portfolio's true loadings on the factor returns in question.
To address the above problem a statistical model needs to explicitly allow for variation in the fund's portfolio weights over time. In order to remain as close as possible to the traditional OLS approach, start by considering an economy in which security returns are given by a linear factor model. Further assume these coefficients remain constant over time, and that the portfolio satisfies an intertemporal budget constraint. Then the portfolio's time t return equals the weighted average of the returns from the underlying I assets:
10 Many studies like those of Harvey (1991, and , and Ferson and Korajczyk (1995) question whether or not individual security loadings are constant. However, this will not qualitatively alter this paper's conclusion that fund loadings change over time. If anything such underlying intertemporal variation in the underlying securities will only add to the importance of allowing for time variation in the mutual funds themselves.
where the variables α P , β P , and P are defined by
with f , α, and , the I by 1 vectors containing their corresponding firm specific elements f i , α i , and i . The β term represents a matrix with I columns containing the vectors β i . Finally, k equals the transactions costs incurred by the portfolio, which for mathematical tractability are assumed to be proportional to the funds under management. In (2), if the CAPM or APT holds period by period, then α(t) equals a vector of zeros for all t. Equation (2) is the main focus of the econometric analysis in this paper, and as such, deserves some discussion. Thus far the model has employed two important assumptions:
1. The evolution of portfolio wealth must satisfy an intertemporal budget constraint.
2. All stocks have constant betas.
These two assumption together imply that portfolio returns will satisfy a linear factor model, but with time varying coefficients, and with a heteroscedastic innovation term. This suggests that linear-factor, constant-coefficient models for portfolio returns, a common paradigm for empirical work in asset pricing, are misspecified. Absent information about a fund's holdings and the alphas and betas of the underlying assets, the empirical system in (2) through (5) cannot be estimated. However, these problems can be overcome by adding some additional assumptions. As will be shown, with the proper specification of the dynamics governing a fund's portfolio weights, knowledge of the individual weights, alphas and betas is not necessary.
Let F (t) represent some signal (normalized to have an unconditional mean of zero) that the fund uses to trade. Assume that it follows the AR(1) process (though more general specifications are possible)
through time. The γ F ∈ [0, 1) coefficient measures the degree to which the signal's value persists over time, and η F (t) represents an i.i.d. innovation. If the signal F has value then one expects it to influence both the fund's holdings, and future expected stock returns. Statistically, these dual impacts can be represented by assuming that the portfolio weights follow:
and that stock alphas equal 
11
Now use (3), (4) and (8) in the above formulation. Also, definef , l, andᾱ as the I by 1 vectors with elementsf i , l i , andᾱ i respectively, one finds that
for the appropriately definedᾱ P and b P . Similarly, one has
for the appropriately definedβ P and c P . Theᾱ i ,ᾱ P , and b P each play a unique economic role in the analysis. In equation (8), α i = 0 implies that a given fund's signal has a systematic relationship with the instantaneous excess returns of individual stocks in an economy. Therefore, one can alternatively writeᾱ P i to indicate that this coefficient is both stock and fund dependent. The point, though, of having non-zeroᾱ i 's is to allow the fund's α P to systematically depend on the fund's trading strategy F . This dependence comes about through a linear term, theᾱ P and a quadratic term b P . There is no constant alpha term in α P because in the long-run all alphas are assumed to be zero (their unconditional value). The linear termᾱ P simply measures the degree to which a given fund's strategy is actually related to the instantaneous alphas of individual stocks. Since F can be positive or negative, a non-zero α P does not indicate either under-or overperformance. The quadratic term b P , on the other hand, does indicate exactly this -it measures the degree to which a fund is able to systematically go long (short) positive (negative) alpha stocks.
12 Note that this is a sufficient, though not necessary, condition for 11 Beyond the asset allocation case outlined above, the modeled interaction between the signal F (t) and security alphas can also accomdate market timing strategies. Imagine a fund manager that uses macroeconomic information to move in and out of the market index. In this case F (t) equals the current value of the macroeconomic variable,ᾱ 1 its impact on next period's market return, and l 1 the fraction of the fund the manager invests in the market (with 1-l 1 invested in the risk free asset). Within this setting a high value of F (t) implies an expected period t + 1 market return that the manager's information indicates will be higher than the overall market expects.
12 Intuitively, b P can be thought of as the covariance between a fund's security weights (f (t)) and the underlying security alphas. a given fund to exhibit occasional (as opposed to systematic) risk-adjusted outperformance. A weaker and necessary condition is that a fund's α P is persistent and occasionally positive (which obtains whenᾱ P = 0 and when γ F > 0).
The empirical model derived above is very flexible. For example, if one assumes that η F (t) has a variance of zero, or that γ F equals zero the FS specification can be reproduced. Importantly, however, even absent these assumptions the model can still be estimated. Also note that nowhere does the econometrician need data on the actual portfolio weights used to produce the observed returns.
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The above set of equations provides an empirically implementable structure with which to estimate a fund or strategy's performance. For convenience, the relevant equations are presented below:
Equations (10-13), can be estimated via extended Kalman filtering. To obtain the observation equation, use (11) and (12) in (10) to eliminate α p (t) and β p (t) and produce:
after some minor algebra. Due to the F (t − 1) 2 term standard Kalman filtering techniques will fail as the conditional variance of r P (t) − r(t) will no longer be independent of the estimated values of F (t − 1). The standard solution is to use a first-order Taylor expansion around the conditional expectation of F (t − 1), or
to replace the F (t − 1) 2 term in equation (14) where E is the expectations operator. 14 Equation (13) then forms the state equation. 15 Note, the vector c P has n elements (one for 13 Of course, other modeling choices are possible, and this is an interesting area for future research. For example, some portfolio strategies lead to known security weightings. In such cases the portfolio alpha and beta in (3) and (4) may be calculated directly, as long as alphas and betas of individual stocks are known.
14 For details about extended Kalman filtering see Harvey (1989) . 15 The estimated dynamic Kalman filter model bears some philosophical resemblance to the Bayesian approaches found in Baks, Metrick, and Wachter (2001), and Pástor and Stambaugh (2002b) . In those papers, the authors wish to investigate optimal fund holdings across investors with different priors regarding managerial ability. As with this model, past data is used to form forecasts of future performance. However, the focus of the present model is on inferring the dynamics of mutual fund holdings, rather than on identifying skilled or unskilled managers. each risk factor) but only n-1 degrees of freedom. Thus, in the scalar case (as in the CAPM) it can be normalized to one when estimating the model. In the case where n is greater than one, at least one element's value must be fixed or some other normalization must be applied. The other fact needed for estimation is that the variance of p (t), conditional on time t − 1 information, is given by
This follows from (5), and from the fact that all i (t)'s are independent. The system specified in equations (10-13) imbeds an important timing convention. The alphas and betas which determine time t returns are known at time t − 1 (assuming that k(t) is deterministic). Therefore any covariance which exists between a portfolio's time t alphas and time t market returns indicates an ability of the portfolio manager to make investment decisions at time t − 1 which successfully anticipate market returns at time t. Similarly for time t betas and time t market returns. Whether a portfolio manager has such ability or not will effect the interpretation of our results in Section 2.
Problems with Constant Coefficient Models
If funds dynamically adjust their portfolio holdings in response to changes in the economy then estimates from a constant coefficient model will generally be systematically biased. As it turns out these biases are readily quantifiable. Roughly, the estimated OLS coefficients can be decomposed into a number of elements, which themselves can be estimated. Thus, it is possible to determine just how biased a particular OLS coefficient may be, and what part of the dynamic structure is responsible. The analysis that follows is similar to that in both FS and GT, but is reproduced here to accommodate this paper's particular setting and notation.
Assume that the return generating model for a given strategy is the following
One example of a structural derivation of such a specification is in the previous section of the paper. However, for the analysis which follows, no assumptions about the dynamics of the above coefficients and error term are necessary, other than the usual regularity conditions needed for the law of large numbers. Now, assume that for data generated using equation (16), one estimates a single factor, constant coefficient, linear model as follows
where
The following proposition shows that asymptotically the above coefficient estimates converge to expressions which depend on the co-dynamics of α(t), β(t), and (r m (t) − r(t)) in (16).
Proposition 1 Using data originating from equation (16), ordinary least squares estimates of the regression in (17) converge in probability to the following limits:
and
The proof is in the Appendix. Note as well that the proof easily generalizes to the multifactor case.
The following sections decompose the estimated OLS alphas and betas into their constituent parts as given by (18), and (19).
Data Description and Model Estimation
Monthly mutual fund data from 1970 to 2000, as supplied by CRSP, is used to estimate the model. A fund is only included if it has more than 48 months of return data. Some of the tests in the paper use data from MorningStar. For those tests, a fund must also have a MorningStar assignment into one of nine categories as of the end of 1999. The particular categories used in this study (the set of domestic equity funds) can be found in Table 1 . These criteria leave a total of 572 funds with which to conduct the estimation. Other data includes the market factor returns, and T-bill returns from Ken French's web site (http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data library.html), and the CRSP stock decile returns.
The empirical model also uses the dividend yield on the market which is constructed via a three step process. First, the dividends from the previous twelve months of the CRSP value weighted index is divided by the "with dividends" index level. Second, the same is done using the without dividends index level as the divisor. Third, the result from the second step is subtracted from the first to get the dividend yield.
Most of the tables and graphs presented here derive from estimating the dynamic model discussed in Section 1 within a single factor structure. Unless otherwise stated, estimates are conducted under the assumption that thef i are constants. Also, unless otherwise stated, the estimates assume that stock returns are determined via a single factor model with the CRSP value weighted market portfolio as that one factor.
A note is in order at this point about the use of MorningStar data. Since requiring that a MorningStar assignment for a given fund should exist as of 1999 introduces survivorship bias into the sample, care must be taken as to the tests that use this classification and those that do not. For analyses that look only at characterization of the mutual fund alphas and betas, or at model comparisons (but not from a performance point of view), and hence are not sensitive to survivorship issues, the MorningStar classification is used in order to provide further insights into the results. For those tests where statements about performance of a given strategy are made, no classification into MorningStar categories is done. Hence these tests use the entire CRSP mutual fund sample, thereby maintaining to the greatest possible degree unbiasedness of the data, and rendering the results comparable with those of other studies.
16

Simulation Study
The dynamic model presented trades off the simplicity of an OLS estimator for an ability to capture the dynamics associated with managed portfolios. This naturally leads to the question of whether the Kalman filtering technique used here can in fact capture such dynamics. To test this a number of simulations were conducted. Each simulation begins with a specific trading strategy across twenty individual stocks. The individual stocks have constant, but randomly assignedᾱ's and β's, and produce returns based upon the economy described in Equations (1), (6), and (8) where the conditional alphas are the product ofᾱ and a latent factor. This latent factor provides the signal used by the portfolio manager. Theᾱ's and betas are drawn from normal distributions with means of 0 and 1, and standard deviations 0.005 and 0.8 respectively. The latent factor follows an AR(1) process, with an initial value of zero and an AR(1) coefficient of 0.8 with an error drawn from a independent normal distribution with mean zero and variance .001. Market monthly excess returns from January 1994 to December 1998 are used as the CAPM market factor. Different portfolios strategies are then constructed based upon how the signal is used.
Two types of simulations are conducted labeled "cross sectional" and "time series." In the cross sectional case each run draws a new time series for F (t), and the i (t)'s. In addition, the realized market returns from January 1994 to December 1998 are drawn randomly without replacement to produce a run specific sequence of r m (t) terms. After this portfolios are constructed, and the Kalman filter model estimated. In the time series case the same sequence of values for F (t) is used across all runs, and the market return is the realized sequence (in order) of the actual market returns from January 1994 to December 1998. The only random variables that differ across runs are the i (t)'s. This proceedure has the advantage of producing a single time series for the true portfolio alphas and betas, thus allowing one to determine how well the model is likely to fit any one realization of the economy. Figure 1 displays the results from a simulation in which portfolio shifts follow the postulated empirical model exactly. This is the case where the portfolio manager identifies the signal and incorporates it into the portfolio strategy. More specifically, the portfolio 16 See Elton, Gruber and Blake (2001) for a discussion of biases in the CRSP mutual fund database.
weight for any security is determined via a steady state and a dynamic part as described by Equation 7. The steady state part is an equally weighted portfolio. The dynamic part is driven by constant exposures to the prespecified factor, and a noise term. The exposures are randomly generated from a standard normal distribution and the noise term from a normal distribution with mean zero and standard deviation 0.0001. Stocks are then bought and sold on the basis of the latent factor's realization. Panels A and B plot the standard devations from the cross sectional simulations for the true portfolio alphas and betas (Solid Line) and the estimation errors (Dotted Line). The estimation errors are defined as the Kalman estimated parameters minus the true values. Panels C and D plot the cross sectional mean of the estimation errors (Solid line) and their 10% and 90% intervals (Dotted Lines). The beta estimations appear to be unbiased, with the estimation errors varying within a much narrower range than the true betas. This implies that the model is able to capture very volatile beta processes. The alpha estimations contain more noise, but are generally unbiased too.
To further demonstrate how well the model can capture a specific alpha and beta time series, a second set of time series simulations were run. Panels E and F plot the true portfolio alphas and betas as well as their 10% and 90% estimation intervals (Dotted Lines). As the pictures show the model does a very good job of tracking the dynamic alphas and betas. The true time series values not only fall within the 90% boundaries, but generally lie well within. Consistent with the cross sectional simulation, the beta estimates seem to be more accurate. Overall, when the underlying model's assumptions hold exactly, the model does a very good job of estimating the dynamic alphas (α P ) and betas (β P ). This is useful to know since the estimated model uses a linear approximation to the true model and these results indicate that the approximation works extremely well.
For Figure 2 the portfolio managers are assumed to switch between two groups of ten stocks with individual factor loadings of plus or minus .1. When the factor has a realized value of 0.5 or -0.5, the portfolio holds only the first or the second ten stocks, respectively. One can think of this strategy as either representing a fund that switches between sectors, or one that times the overall market by switching between bonds and stocks. As in the previous two simulations the steady state holdings are equally weighted among the twenty stocks. Once again, the cross sectional simulation shows that the model is able to identify very dynamic alphas and betas produced by this strategy. Furthermore the estimations are on average unbiased. In the time series simulation, the true parameters generally lie within the 90% confidence interval.
Figure 3 looks at the results from estimating the dynamic model when a fund selects stocks at random. In this case the portfolio manager omits any useful information. The portfolio weight of any security is one twentieth plus a noise term which is randomly generated from normal distribution with mean 0 and variance 0.04. In this case there is no significant correlation between the portfolio alphas and betas. Both the cross sectional and time series simulations show that the model does not capture the alpha values very well. The problem lies in the volatility of the alphas, which swing wildly up and down without any predictable pattern. To compensate for these swings the Kalman filter tries to fit the fund alpha within a fairly wide band. In terms of statistical inference, the confidence interval appears to be about right. The cross sectional simulation shows that the estimation errors for alphas follow as wide a distribution as the true alphas do. This is because the portfolio alphas contain very little information and can be practically viewed as noise. Nevertheless, the model does a reasonable job of picking up the fund betas.
So far all the simulations have been conducted under the model's null hypothesis that fund managers actively trade their portfolios. This leaves open how well the model preforms with static portfolios like index funds (which are included in the database). The simulation results for such a strategy are displayed in figure 4. The static alphas and betas and the return residuals are generated from distributions as described previously. Funds start with an equally weighted portfolio of the twenty stocks and then hold it for seven years. Since all stocks are assigned a market value of one in the first month, the portfolio is value weighted. Panels A through D report the results from bootstrapping the CAPM factor five hundred times to produce cross sectional results. Panels E and F report the results from two hundred time series simulations. While the cross sectional results indicate that the model underestimates the fund alpha by about 0.028, the time series simulations produce unbiased estimates. It is thus possible that for index funds, or funds that engage in very limited trading the model may produce performance predictions that are too low by a small amount. The results regarding the fund betas are overall unbiased, however for any one time period they may not be. The cross sectional results indicate that early on the model overestimates beta and later on underestimates it. The time series simulations show why. Over time a buy and hold strategy (that does not include the entire market) tends to increasingly weight higher beta securities as, on average, they tend to produce higher returns. Thus, such funds will have a time series beta that drifts upward. The model, however, assumes that the expected beta for a fund has the same unconditional mean each period. Apparently, the model accomodates the slowly increasing betas from the buy and hold strategy by overestimating the fund beta early on, and underestimating it later on. Fortunately, to the degree that index funds hold the "market portfolio" this will not be a problem as such funds have constant portfolio betas equal to one.
Overall it appears that the Kalman filtering technique does a reasonable job of picking up the time variation in fund alphas and betas. What problems exist seem concentrated in the simulations using random stock selection strategies. In terms of drawing economic inferences from the results, there does not appear to be a systematic bias in the estimated values. This is itself of value since the OLS estimates are known to lack this property. Table 1 breaks down the funds by MorningStar category. For each category the last column displays the number of funds for which the Kalman filter estimates diverge from the static OLS estimates. Throughout the tables these are referred to as "dynamic funds" in that they appear to employ strategies that produce time varying alphas and betas. Note that within each category the vast majority of funds fall within the set of dynamic funds. This should not be too surprising. Fund managers are generally active traders, and as the discussion in Section 1 shows such activity will produce time varying return parameters. Table 2 reports the results of a CUSUMSQ (see Harvey (1989) ) test on the residuals of each portfolio. For those cases where the dynamic model does not converge to the OLS model, the errors for about 31% of the funds have been purged of their time series patterns. In total this means that after using the Kalman filter 29% of all funds exhibit no remaining intertemporal patterns in their residuals. This represents a substantial improvement over the results from the OLS specification which by itself produces residuals without time patterns for only 3% of the funds.
Fund Dynamics
Looking across categories the model's ability to purge the errors of any time pattern varies somewhat. From a low of 18% in category 18 (large value) to a high of 45% in category 16 (large blend). A chi-squared test rejects the null hypothesis that the percentage differences across categories are due to chance. This indicates that a fund's investment objectives will impact the model's statistical performance. However, there does not appear to be a pattern across the market capitalizations of the portfolio's target firms. Rather it is those funds that invest in large and mid-cap value stocks that seem to give the model the greatest problems. Across the other size and objective categories the results are fairly uniform. Tables 3 through 8 show the results from the model's estimation (using the fund sample described in Section 3), as well as the breakdown of OLS estimates for fund returns into their true and dynamic components.
Empirical Decomposition of Alphas and Betas
In many studies such as Gruber (1996) , Carhart (1997) , and FS the estimated alphas tend to be negative. However, those alphas include the fund's expenses and thus represent what might be called the "investor's alpha." Here, as in Grinblatt and Titman (1989b) fund expenses and performance alphas are estimated separately. Under the model, a fund incurs expenses at an estimated rate k. In exchange, the fund manager generates an informative signal F that produces excess returns by allowing trades based upon a stock's sensitivity to the signal via the parameterᾱ. Table 3 shows that for most fund categories the estimated expenses are about 1.5% per annum (a monthly k of 0.0013). Given industry filings this seems to be about right, since expenses in this case include both management fees and transactions costs.
The fact that the estimatedᾱ P 's are non-zero suggests that stocks in the economy have non-zeroᾱ i 's. This indicates that, in general, funds choose trading strategies which are related to the instantaneous alphas of stocks in the economy. This, together with the fact that the γ F 's are non-zero, suggests that there is some hope of finding funds that are currently in an "outperformance" period (recall the discussion of Section 1). From equation (9), note that b P measures the degree to which funds choose trading strategies that systematically profit from high frequency variation in security alphas over time. Table 3 suggests that most funds have no timing ability. The two exceptions to this are small growth funds (category 39), which have some high-frequency timing ability, and small value funds (category 40), which seem to have the unfortunate ability to systematically go long negative alpha stocks. Table 3 also provides an estimate of the degree to which fund betas vary over time.
17 Some algebra then shows that the estimated standard deviation of beta equals σ
. These values range from a low of 0.18, to a high of 0.41 per month, and average .27. For a typical fund with an intertemporal average beta of one, this implies that in any one period the 95% confidence interval for its beta lies within .5 and 1.5. Empirically then, trading appears to induce economically significant time variation in mutual fund betas. If anything, one's intuition may indicate that the variation is too large. But, consider that almost half of all funds have documented records of moving at least 20% of their assets (over the time period from 1991-1999) from stocks into bonds, and visa versa (Mamaysky and Spiegel (2001) ).
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Also, note the drift in the fund's beta is not a random walk, as the signal is assumed to mean revert. The estimated persistence parameter (γ F ) takes on values between 0.12 and 0.35 in the data. These rather low estimates indicate that a fund's informational advantage tends to be short lived (a few months at most), and thus managers tend to move their portfolios from their preferred holdings for only short periods of time.
One claim of the dynamic model is that the OLS parameter estimates are biased and that the bias can be decomposed into a number of elements related to various covariance terms. If so, then this provides a mechanism for checking the model. Assuming the dynamic model actually fits the data, then using the equations in Proposition 1 one can create "synthetic" OLS regression estimates by properly summing up the covariance of the dynamic alpha and beta estimates with the market portfolio. The resulting values can then be compared to what one obtains by actually running an OLS model on the data. If the dynamic model properly describes the data, then the synthetic and actual values should be fairly close to each other. Table 4 reports the results from this experiment. Columns six and eight show that in no category does the average absolute percentage difference between the synthetic and actual OLS parameter estimate for alpha exceed 6%, and is generally under 1%. For beta the results are even closer with every category displaying an absolute average difference under 1%.
Another test of the model is the degree to which it can better explain the data relative to both a standard and rolling OLS model. The standard model produces parameter estimates based upon a fund's entire history. The rolling OLS model uses only the 48 months of data prior to any particular date. To calculate an R 2 statistic for the rolling OLS model only the final period's error term is used. This gives the OLS model a natural edge since the squared errors come from finding the set of parameter estimates that best fit only the last four years of data, while the Kalman filter parameter estimates are forced to fit the entire time series. Columns four and five from Table 4 show that the dynamic model increases the R 2 for the both the ordinary and rolling OLS model by 0.09 to 0.30 depending upon the category. Thus, in every case the Kalman filter model, with its time varying alphas and betas, does a better job of tracking fund returns. While this is clearly not conclusive, since it applies in sample, later tables provide out of sample tests with similar results. Tables 5 to 8 show the decomposition results for the OLS alpha and beta estimates (from equations (18) and (19)). Table 5 breaks down the OLS alphas into their constituent parts. Table 6 shows the percentage contributions of each component to the OLS alpha. Recall from (18) that the OLS alpha is composed of four components. The percent contribution for component i is given by
where c j is the j th component. Panel A reports results for first aggregating the cross-section of funds to compute each component, and then computing the percent contribution using the absolute value of the cross-sectional means of each component. Panel B computes the percent contribution at an individual fund level, and then takes an average of these for the category level numbers.
Note from Panel A that the static part of the dynamic alpha (i.e. the expected value of the dynamic alpha) can account for as little as 13% of the estimated OLS value. For categories 38 (small blend), 39 (small growth), and 40 (small value) the static part of the dynamic alpha accounts for under 50% of the estimated OLS alpha. This implies that OLS estimates for small capitalization fund alphas may be very misleading.
What seems to drive the difference between the OLS and dynamic alphas is the covariance in each fund's beta with the market, and only to a much smaller degree the covariance between the fund's alpha and the market. The beta and market covariance accounts for 21% or more of the estimated OLS alpha in half the categories. In contrast, the median contribution of alpha's correlation with the market is only 5.5%. Essentially, it appears that under the OLS model mismeasurement of the time variation in beta (due to the dynamic strategies employed by funds) then leads to erroneous conclusions about performance (alpha). Table 6 's Panel B produces similar conclusions to those from Panel A. The primary change is that looking at the component contributions this way (i.e. first computing percent contribution at the fund level, and then aggregating into categories) increases the importance of the fund beta with the squared market return. This increase generally comes at the expense of the contribution made by the covariance between a fund's beta and the market. Overall though, it is the time variation in beta that seems to induce the discrepancy between the estimated static OLS alphas and the steady-state values of the dynamic Kalman filter alphas. Tables 7 and 8 provide similar breakdowns for the OLS beta estimates. These tables show that the OLS betas are quite close to the expected value of the dynamic beta. In no case does the OLS beta differ from the expected value of the dynamic beta by even 10%. However, this does not mean that month by month the OLS beta equals the fund's actual beta, only that the long run averages are the same. As shown previously, month by month fund betas exhibit considerable volatility and any long run average value is likely to be far from the current mark.
Performance of Trading Strategies
The tests presented so far have all been within sample. As Ghysels (1998) shows even if a model with time varying risk factors performs well in sample, it may not outperform simpler models out of sample. Since both the simple time invariant and more complex dynamic models are likely to be misspecified it is an empirical question as to which will work better. The out of sample tests in this section are designed to answer this question, and as will be shown the dynamic Kalman filter model does produce superior out of sample predictions.
For a fund to be included in these out of sample tests, that fund must have been alive as of December 1992 and have an ICDI objective of AG, BL, GI, IN, LG, PM, SF or UT. A fund then stays in the sample until the end of the sample period in 2000, or until the fund ceases to exist. Hence, all tests in this section control for survivorship bias. Furthermore, note that none of the results in this section use MorningStar classification data, and therefore are free of the survivorship bias that such classifications can introduce (see the discussion in Section 3).
For the beta tests, portfolios are constructed based upon three criteria. In each case, funds are classified based only upon data available prior to the evaluation year. For example, for 1993 funds are classified based on data from the start of the sample up to the end of 1992. Hence classifications are only based upon information available to the market at the time a decision had to be made. Under criteria A the OLS and Kalman filter models select among all available funds. Whenever the maximization algorithm for the Kalman filter does not converge, OLS forecasts are used instead. Under criteria B, there are two filters. First, funds are only included if the optimization algorithm for the Kalman filter model converged using data from the training period.
19 Typically, this leaves about 70% of the total funds from the original sample. This does not appear to add a systematic bias, as the distribution of the OLS model's R 2 statistic appears to be the same in both the "converged" sample and the total population (P-value > 0.98 using the Kolmogorov-Smirnov test). Second, the 200 funds with the highest R 2 statistic for each model are then pulled. This creates two seperate, although possibly overlapping, pools. The bootstrap proceedure that follows then pulls subsamples for each model from its respective 200 fund pool. Under criteria C, the Kalman filter model selects among the 200 funds for which it produces the largest R 2 statistic relative to the OLS model. These are the funds for which the Kalman filter appears to provide the most additional information relative to the OLS model.
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Figure 5 displays the results from the out of sample test using criteria B. To create the graph, 40 funds are randomly selected out of each model's 200 fund pools to form equally weighted portfolios. Given 60 months of return data, the estimated coefficients of the OLS model are then used to forecast the portfolio beta in month 61.
21 Kalman forecasts are generated using the entire time history available for the fund prior to month 61. 22 These forecasted results are then used to hedge out the market factor in the 61 st month. After the return of the 61 st month has been realized, the procedure is repeated for month 62 for the same portfolio, and onward for a total of 12 months. For the test in question, Figure  5 displays the distribution of the correlation between the portfolio's return and the market return over the period 1993-2000. Perfectly hedged portfolios should exhibit no correlation with the market.
The mean correlations equal 0.0876 and 0.0453 for the OLS and Kalman filter models respectively. In years when the market excess return exceeds zero (1993, 1995 to 1999) , the mean annual correlations (correlations for monthly returns within a year) are 0.0516 and -0.0379 for the OLS and Kalman models. In bear market years (1994 and 2000) , the means are -0.30 and -0.01 for the OLS and Kalman models. While not displayed here, simulations based upon the two other criteria (A and C) were also conducted. Under criteria A, where all the funds are used, the mean correlations are 0.0466 and -0.0398 for the OLS and Kalman models respectively over the sample's eight year period. Under criteria C, the mean correlations come to 0.13 and 0.06 for the OLS and Kalman filter models respectively.
As Figure 5 shows, the dynamic Kalman filter model does a better job of predicting out of sample betas. Using it to construct zero beta portfolios produces portfolios whose mean correlation with the market is close to 0.05. In contrast, using the same hedging algorithm with the OLS model produces portfolios that on average have a correlation with the market close to 0.1. Thus, while both models underestimate portfolio betas to some degree, the OLS model does considerably worse. Potentially then, some of the above market returns documented in previous studies using the OLS model may be due to the OLS model's tendency to underestimate future out of sample betas. The R 2 for the Kalman filter is defined as the variance of the explained portion of portfolio returns divided by the variance of portfolio returns.
21 Similar results were obtained when the OLS estimates were conducted both with all available historical data, and with a 2 year rolling window.
22 Estimating the Kalman filter model over the same 60 month period used in the OLS estimation produced qualitatively similar results.
23 An underestimation of beta by 0.1, coupled with an excess market return of 6%, yields an overestimation If the dynamic model better predicts out of sample betas, can it do so with alphas? This is perhaps the more interesting question, as it offers a test of whether it is possible to identify at least some managers that can produce abnormally high risk adjusted returns. Figure 6 and Table 9 report on several out of sample tests for predicted alphas.
For the alpha tests, fund pools are constructed based upon the same three criteria used in the beta tests. In each case the bootstrap begins by randomly selecting 50 funds from the available pool. Then from this subsample the five funds with the highest positive predicted alphas are placed into an equally weighted portfolio.
24 Using the model's predicted beta for this portfolio, the value-weighted CRSP index is hedged out to produce what the model predicts will be a zero beta fund of funds portfolio. Figure 6 plots the return and Sharpe Ratio distributions of such zero beta portfolios under criteria B and C. Results from using all of the sample funds (irrespective of the model's R 2 statistic), as well as funds selected via criterion B and C, are displayed in Table 9 , where the Kolmogorov-Smirnov test rejects the possibility that any two distributions generated by the two models are the same (all P-values are virtually zero). As Figure 6 and Table 9 show, the returns from the Kalman filter derived fund of funds portfolio first order dominate those produced with the OLS model. Generally, the Kalman fund of funds selections yield 1.5% more per annum than do the OLS selections. Importantly, the realized returns do not require investors to short a fund (a typically impossible task). All mutual fund positions are long; the only short position is in the market portfolio. Also note that the Kalman filter results are not due to inadequately hedging out the market risk. As shown in Figure 5 , the OLS portfolios are the ones that retain a higher degree of market exposure, and thus have a return advantage based on some systematic factor exposure. Table 9 displays the result from picking among funds satisfying criteria A (all funds), B (high R 2 ), and C (most gain from Kalman filter) respectively. Note that the criteria C funds are likely to be the "most dynamic" of the funds, and thus likely to be the ones for which the Kalman filter model can provide the greatest predictive help. In fact, allowing the Kalman filter model to select from among these funds improves its ability to predict out of sample alphas by a considerable amount. For this set of funds, 56% of the fund of funds portfolios outperform the risk free asset. This is an important result because the fund of funds portfolios have no systematic risk (to the best approximation provided by the model). Hence 56% of these fund of funds portfolios exhibit positive abnormal risk-adjusted returns. The comparable numbers for criteria A and B funds are 44% and 53% respectively. The main conclusion to draw from these results is that for funds whose returns are well explained by the Kalman model (i.e. from categories B and C), out of sample performance typically exhibits positive alphas.
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of performance equal to 60 basis points. 24 In the rare event that there are fewer than five positive alpha funds in the subsample, an equally weighted portfolio is produced using whatever positive alpha funds are available. 25 The bootstrapped returns assume that the investor rebalances based upon his model's predictions every month. While the transactions costs should be fairly low (as most funds no longer impose fees to enter or Table 9 also lists the results from selecting among both B and C funds in 1994 and 2000. These years are singled out because they were years in which the market as a whole underperformed the risk free asset. (The CRSP value weighted returns equal -0.089% and 3.549% in those years respectively.) Using the high R 2 funds, the Kalman filter model produces portfolios whose returns exceed the risk free rate 62% of the time. In 2000 the results are exceptional, with the Kalman filter portfolios producing returns above the risk free rate 84% of the time. In comparison the OLS model portfolios only exceed the risk free rate 31% and 82% of the time in 1994 and 2000 respectively. Thus, the Kalman filter's performance is not just due to an ability to pick up high alpha funds in "good" years. Similar results hold for the category C funds, with the exception of 1994 when neither OLS nor Kalman portfolios yielded positive alphas on average. Both Table 9 and Figure 6 compare the out of sample fund of funds Sharpe ratios produced by each model. The distribution of Sharpe ratios produced via the Kalman filter model first order dominates those produced by the OLS model under every test run.
Note what happens when the Kalman filter picks among the category C funds (those with the highest Kalman filter model R 2 's relative to the OLS R 2 's). While this restriction produces only slightly higher expected returns, it produces dramatically improved Sharpe ratios. Thus, the resulting fund of funds produces returns that have an unexpectedly low variance. This indicates that the Kalman filter is not concentrating it picks among funds with one particular strategy. Furthermore, the monthly, out of sample Sharpe ratio for the Kalman filter fund of fund portfolios is 0.14. Under the assumption of iid returns, this gives an annual Sharpe ratio of 0.48, which is higher than the average Sharpe ratio of the S&P over the last half century. Considering that the strategy yielding the 0.48 Sharpe ratio has no systematic risk, one can conclude that such a strategy offers potentially valuable diversification benefits.
Tests using a Four Factor Model
A popular alternative to the one factor market model, is the four factor model of Carhart (1997) . That model uses as risk factors the three Fama-French factors and momentum. This brings up the possibility that the Kalman filter model outperforms the one factor OLS model only because the latter does not properly capture systematic risk exposures. To test this the same bootstrap procedure was conducted using the four factor model. The primary procedural difference is that there are now four factor loadings to estimate and then hedge out. The results can be found in Table 10 . The four factor results parallel those in the one factor case. Once again the Kalman filter model generally outperforms the OLS model out of sample. Similarly, the Kolmogorovexit) it is nevertheless a potentially labor intensive process. To test the impact of longer holding periods the results were repeated under the assumption that the investor holds the set of mutual funds for twelve months. Under criteria A the Kalman filter portfolio returns drop by about 0.5% while the OLS returns drop by about 2%. These results are not included in the tables for the sake of brevity, but are available from the authors upon request.
Smirnov test again rejects the hypothesis that any two of the displayed distributions are the same (all P-values are virtually zero). However, the results are now somewhat less dramatic. The median Kalman portfolio returns about 90 basis points more per year than the selected OLS portfolio. Similar results hold for the bear market years 1994 and 2000. As Table 10 shows the Kalman filter returns no longer first order dominates those produced by the OLS model. However, the Kalman portfolio returns still second order dominate those produced by the OLS model. The one-sided Kolmogorov-Smirnov test confirms that given any annual return value, with probability one the integral of cdf based on the Kalman forecasts is smaller than that based on the OLS forecasts.
For the Sharpe ratio first order dominance by the Kalman filter over the OLS model still holds. For the overall sample the Kalman filter produces a median monthly Sharpe ratio of 0.176, while the equivalent value for the OLS model is only 0.131. These Sharpe ratios are similar to that of the category C funds described in the previous section. If the Kalman filter model were simply loading up on funds using one specific strategy, then we would expect that to show up in a relatively low Sharpe ratio, since the fund of funds would not be very well diversified. The fact, that the Kalman produced Sharpe ratios are higher than the OLS ones indicates, at the very least, that the Sharpe portfolios are not any less diversified than the OLS ones.
Panel A1.1 shows the degree to which the performance difference between the Kalman filter and OLS selections can be explained by the Carhart factors. This test begins by subtracting the OLS fund of fund returns from those produced by the Kalman filter selections. These differenced returns are then regressed on the four factors to determine the degree to which the improved out of sample performance of the Kalman filter model can be explained by systematic misestimation of the underlying fund factor loadings. As the panel shows, this exercise indicates that the Kalman filter portfolios produce risk adjusted out of sample returns that are 1.2% better per annum than the OLS returns. Note, that this is close to the median difference of the raw returns (0.0828-0.0714 = .0114).
26 As in the single factor case the regression estimates indicate that overall the OLS model does a relatively poor job of predicting the out of sample factor loadings as the market, SMB, and momentum parameters all enter with a negative sign. In contrast the Kalman model only does an inferior job of estimating the out of sample HML loadings, and even here both the parameter estimate and t-statistic have the smallest magnitude among the four factors.
Comparison with FS Model
As noted earlier the dynamic model developed here has as a special case the FS model. However, so far all tests have been conducted under the restriction that the fund betas depend only upon some unobservable factor. This section examines the impact on the estimated model when observable conditioning information is added. The tests conducted here use the lagged treasury bill rate, and the dividend yield on the CRSP value weighted index. Thus, the equation for β P,t becomes
If the observable information improves the model's predictive ability then k 1 and k 2 should differ from zero. To test this the model was run with and without the conditioning variables on the monthly returns of 437 mutual funds during the period of 1994 to 1998. Asymptotically, the likelihood ratio under the null should follow a chi-square distribution with two degrees of freedom. In Figure 7 , the bars represent the cross-sectional distribution of the likelihood ratio while the dashed line traces out a chi-square distribution with two degrees of freedom. Overall, the null hypothesis that k 1 and k 2 are zero cannot be rejected at the traditional 1%, 5% or 10% levels. However, for individual funds, the fraction that reject the null hypothesis at the 1%, 5% or 10% levels are 10.8%, 15.7% and 20.3%, respectively. These numbers are somewhat higher than might be expected by chance, which implies that for some funds the conditioning information appears to improve the model's fit. Table 11 provides further evidence about the richness of the dynamic coefficient model used in this paper. This table shows the R 2 's of fund return regressions on a market index using OLS, the FS two factor conditional beta model, and the Kalman model of this paper.
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As can be seen, across all fund categories and for the entire sample, the FS model provides an improved fit relative to the OLS model. Consider however how the R 2 statisic as one moves across models. The increase when one goes from the OLS to FS model is approximately a tenth as large as the increase obtained when moving from the FS to the Kalman model. Based upon this, it appears that the Kalman model can account for a considerably larger portion of fund return fluctuations than either the OLS or the FS models. Between this paper, FS, and GT there is now considerable evidence that mutual fund managers produce portfolios with time varying betas, and possibly alphas too. Thus, it is clear that portfolio managers are altering there portfolios in response to some set of economic variables. How then are k 1 and k 2 statistically indistinguishable from zero for most funds? The model has two ways of fitting a fund's alphas and betas. One way is to use the observable conditioning variables in some manner. Another is to use the estimated lagged values of alpha and beta, and then let them change according to an estimated relationship with an unobserved factor following an AR(1) process. Figure 7 indicates that the latter prediction method often dominates, at least when using the lagged treasury bill rate, and dividend yield on the CRSP value weighted index. One conclusion may be that a few funds use treasury bill rates and the market dividend yield to help manage their assets, while most do not.
More practically, one can potentially use the model to both identify those funds with a more macro based approach to asset allocation and the variables they concentrate on.
Conclusion
Even if security returns are well described by a factor model with time invariant loadings, the same will not be true of an actively traded portfolio holding these securities. This point goes back to at least Admati and Ross (1985) , and Dybvig and Ross (1985) . Papers by GT and FS have then gone on to produce empirical models for such portfolios. This paper develops an empirical specification of which the FS setting can be thought of as a special case. In FS time varying factor loadings are estimated via the use of observable macro economic factors. By contrast, this paper assumes that in addition the portfolio holdings may vary in response to some unobservable variable that follows an AR(1) process.
In terms of both fitting the historical data and making out of sample predictions the empirical generalizations presented here can provide many potential advantages. By assuming an unobservable variable with a known stochastic process drives portfolio holdings, the econometrician can effectively use past changes in a portfolio's alpha and betas to predict future changes. If the underlying assumptions are even approximately true, then one expects the model to better fit the data. In fact, a number of tests presented here show that it does.
Looking at the historical data, the empirical results show that the dynamic model developed here does a much better job of capturing mutual fund portfolio returns than does a static OLS model. A decomposition of the difference shows that the improvement comes from a better estimate of the time variation in the portfolio alphas. This opens up the possibility that managerial overperformance, even if it exists, may be difficult to detect with a static model.
Out of sample the dynamic model also outperforms the static OLS model. This is tested by using each model to form portfolios that they predict should have zero betas and positive alphas. The results are quite telling. The average correlation of the portfolios formed by the dynamic model are quite close to zero but those of the OLS model are found to be positive. This indicates that the static model systematically underestimates betas, which may positively influence the conclusions one might draw about fund managers. In terms of the alphas, again the results are very strong. The out of sample portfolios formed via the dynamic model first order dominate those formed by the OLS model. Thus, the dynamic model is able to identify funds that will over the next year outperform the market on a risk adjusted basis. This result holds whether one uses a single factor model or the Carhart (1997) four factor model. The natural conclusion is that managers can produce predictable above market returns. What this study has not determined is for how long managers can accomplish this feat, and that is an interesting topic for future research.
Finally, the empirical work examines the degree to which observing macro economic variables such as treasury bill rates, and the dividend yield on the CRSP equally weighted index helps to fit the data. Thus, the question is: given one has assumed that a fund's trading strategy is driven by some unobservable variable following an AR(1) process, to what degree does observing these two variables help? Statistically, adding these observable variables to the model does not improve its overall fit, and the estimated coefficients are statistically indistinguishable from zero. However, for some funds the conditional information is helpful, and this may indicate that while some fund managers trade on the macro economic variables included in the estimation process, most do not.
Overall, describing a mutual fund's trades as relying on an unobservable factor following an AR(1) process offers an economically significant improvement over past estimators. From a pragmatic perspective, the results show that the model can identify funds that will exhibit positive alphas out of sample, which indicates that managerial talent does matter.
where the limit is in probability, and follows from an application of the law of large numbers. Also we have that
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Here r m (t) is the market portfolio's return.β P is the static exposure of the portfolio to the market excess returns. σ 2 is the variance for P (t), and σ 2 F is the variance for η F (t). For each category of funds, the first line reports the cross sectional mean for the estimated parameters while the second line reports the cross sectional T-ratio for the mean. The whole system is estimated using an extended Kalman Filter. Table 4 : R 2 increment and decomposition error of the OLS Alpha and Beta. Kalman filter estimates are used to calculate predicted OLS alphas and betas according to the following formulaα = E(α t )−
, where the α t and b t are dynamic portfolio alphas and betas, and x t the market excess return. Asymptoticallŷ α andβ should converge to the OLS estimates. The table also lists the R 2 OLS from the OLS regression, and the R 2 improvement from estimating the dynamic Kalman filter model. Consistent with the OLS model, the R 2 Kal for the Kalman filter equals 1 − E( P (t)
2 )/E((y t − y)
2 ), where y t is the excess portfolio return and P (t) is the residual from the dynamic model. The variableȳ equals the mean value of y t , and R 2 = R 
, where α t and b t are dynamic alpha and beta, and x t denotes the market excess return. For each category of funds, the first line reports the mean while the second line reports the cross sectional T-ratio for the null hypothesis that the component equals zero. V ar(xt) cov(β t , x 2 t ) where α t and b t are dynamic part of alpha and beta, and x t denotes the market excess return. For each category of funds, the first line reports the mean while the second line reports the cross sectional T-ratio for the null hypothesis that the component is zero. Table 9 : Out of Sample Portfolio Returns. For all domestic equity mutual funds that existed at the end of year 1992 and had at least 5 years of monthly return data, both the Kalman and the OLS models are used to forecast a fund's alpha and beta. These forecasts are then used to construct zero-beta portfolios using the five funds with the highest (positive) estimated alphas. In Panel A, all funds are pooled. Whenever the maximization algorithm for the Kalman filter model does not converge, OLS forecasts are used instead. In each simulation, fifty funds are selected randomly from the pool. From Jan 1993 to Dec 2000, for each model the five funds with the highest predicted alphas are chosen out of the fifty funds to form an equally weighted portfolio. If a fund dies, a random fund from the pool replaces it. The portfolio's predicted market risks are hedged out and its realized annual returns are calculated in each month. The simulations are repeated one thousand times for each date. Panel B, restricts the sample to funds for which the maximization algorithm for the Kalman filter model converged. Within this pool the two hundred funds with highest R 2 are selected separately based upon the OLS and Kalman models. The simulation process described above is then applied separately to each group. Panel C reports simulation results for those funds for which the Kalman filter model appears to provide the greatest marginal information relative to the OLS model. These funds are defined as those where the Kalman filter's R 2 's differ the most from those produce via the OLS model. Panel C1 lists the pooled annual returns and Sharpe ratios for years 1993 to 2000, while Panels C2 and C3 list the same measures for the bear market years 1994 and 2000. All panels report the mean, the cross-sectional standard deviation, and the 5, 10, 50, 90 and 95 percentage quantiles for the distribution (cdf) of the pooled annual returns (R OLS or R kal ) and the Sharp Ratio of the monthly excess returns (SP OLS or SP kal ). The last column reports the fraction of the simulations that can generate annual returns higher than the mean risk free rate. Bold faced numbers are those in excess of the risk free rate. The Kolmogorov-Smirnov test rejects the hypothesis that the same probability distribution produced any two sets of figures (all P-values virtually zero). Table 10 expands the dynamic model to a multi-factor environment, with the systematic risk factors taken to be the Fama-French three factors plus the momentum factor. A same set of equity funds are used as described in Table 9 . In Panel A1, all funds are pooled. Kalman and OLS models are used to forecast a fund's alphas and betas from Jan 1993 to Dec 2000. Whenever the maximization algorithm for the Kalman filter model does not converge, OLS forecasts are used instead. The same process described in 
with F (t = 1) = 0, γ F = 0.80 and η(t) ∼ N(0, .1). Two types of simulations are conducted labeled "cross sectional" and "time series." In the cross sectional case each run draws a new time series for F (t), and the i (t)'s. In addition, the realized market returns from January 1994 to December 1998 are drawn randomly without replacement to produce a run specific sequence of r m (t) terms. After this portfolios are constructed, and the Kalman filter model estimated. In the time series case the same sequence of values for F (t) is used across all runs, and the market return is the realized sequence (in order) of the actual market returns from January 1994 to December 1998. The only random variables that differ across runs are the i (t)'s. This proceedure has the advantage of producing a single time series for the true portfolio alphas and betas, thus allowing one to determine how well the model is likely to fit any one realization of the economy. Panels A and B plot the cross sectional standard deviations for the true portfolio alphas and betas (solid lines) and the standard deviations for estimation errors (dotted lines). Panels C and D plot the cross sectional mean of the estimation errors (solid lines) and their 10% and 90% intervals (dotted lines). Panels E and F report results from 200 time series simulations. Plotted are both the true portfolio alphas and betas (solid lines) and the 10% and 90% intervals for the estimated alphas and betas (dotted lines). Figure 4: Buy and hold. The simulation procedure is identical to the one described in Figure 1 . In each case the portfolio buys an equally weighted portfolio of all the stocks at the beginning of the simulation and holds it for 84 months. LG, PM, SF and UT) that existed at the end of 1992 and had at least five years of monthly return data. This figure displays the results for funds for which the maximization algorithm for the Kalman filter model converged using data up to the date in question. This leaves about 70% of the total funds from the original sample. Within the pooled funds, the two hundred funds with the highest R 2 statistics are selected separately for the OLS and Kalman groups. One thousand simulations are then produced. For each simulation, forty funds are selected randomly from the 200-fund pools. Funds with a positive forecasted alpha are then used to form equally weighted zero beta portfolios. When a fund dies and drops out of the forty fund sample, a random fund from the positive alpha pool replaces it. This figure plots the bootstrapped distribution of the correlations between the monthly excess returns of the zero-beta portfolio and that of the market for the eight-year period from 1993 to 2000. The initial data base consists of all domestic equity mutual funds that existed at the end of year 1992 and had at least 5 years of monthly return data. Funds are included if the maximization algorithm for the Kalman filter model converges using data up to the date in question. To generate the OLS and Kal 1 curves within the pooled funds, the two hundred funds with the highest R 2 statistics are selected separately for each model. One thousand simulations are then produced for each date. For each simulation, fifty funds are selected randomly from each group's pool. Next the five funds with highest alphas (predicted by the model in question) are chosen to form an equally weighted fund of funds portfolio and predicted market risks are hedged out. Finally, the out of sample returns are calculated. If a fund dies, a random fund from the positive alpha pool replaces it. Line Kal 2 derives from a pool containing the funds for which the Kalman filter appears to provide the most information relative to the OLS model. These funds are selected by taking the 200 funds with the greatest difference between the Kalman filter and OLS R 2 statistics. The top graph shows the distributions of the pooled annual returns when the OLS (Line OLS) and Kalman filter (Line Kal 1 and Kal 2 ) models are used. The bottom graph shows the distributions of the Sharpe ratios of the monthly excess returns. Ferson and Schadt (1996) . As in their application, lagged macroeconomic information drives the portfolio weights. However, here portfolio weights are also assumed to vary from some unobserved factor following an AR(1) process. As a first order approximation, the portfolio weights become f i t =f i + L i F (t) + D i Z(t − 1), where Z(t − 1) is the lagged information. This model can be estimated via extended Kalman filter. For two macro instruments, the estimated system of equations is given by r P (t) − r(t) = α P (t) + β P (t)(r m (t) − r(t)) + ε t , where β P (t) = β + F (t) + k 1 z 1 (t − 1) + k 2 z 2 (t − 1) and α P (t) = α + a P F (t) + b P F (t) 2 and F (t) = γ F F (t − 1) + η(t). Here z 1 and z 2 are instruments for the lagged T-Bill rate, and CRSP value weighted index's dividend yield. The null hypothesis is that k 1 = k 2 = 0. The constrained and unconstrained models are estimated using monthly returns from 437 mutual funds during the period of 1994 to 1998. Asymptotically, the likelihood ratio test under the null should follow a chi-square distribution with two degrees of freedom. In Figure 7 , the bars represent the cross-sectional distribution of the likelihood ratio while the dashed line displays the mathematical values for a chi-square distribution with two degrees of freedom. The fraction of funds that reject the null hypothesis at the 1%, 5% or 10% levels are 10.8%, 15.7% and 20.3%, respectively. Likelihood Ratio (Rejection Rates at 1%, 5% and 10% levels are: 8%, 12% and 15%) Chi2 PDF with 2 degrees of freedom PDF for likelihood ratio of 437 funds
